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Abstract

Hand bone fracture image detection holds extremely significant practical application value in the med-
ical field. Especially when confronted with complex fracture situations, accurately identifying hand
bone fracture targets remains a pressing challenge that needs to be addressed. To tackle this issue, this
paper proposes an improved method based on the YOLOv8 algorithm. By introducing the CBAM atten-
tion mechanism, the network’s ability to focus on features of different scales is effectively enhanced,
thereby significantly improving the detection accuracy for small targets and complex scenes. The ex-
perimental results clearly demonstrate that the improved YOLOv8 model, compared with the original
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YOLOv8 model, has achieved a 0.57 percentage point increase in mean average precision (mAP),
showing a more outstanding detection effect on hand bone fracture images.
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Table 2. Experimental results
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Figure 2. YOLOVS training result diagram
2. YOLOVS ilIZR&5 R E

Figure 3. Training result diagram with CBAM integrated
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Figure 4. Visualization of hand X-ray image detection.
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